Abstract The sample size of the data used in genetic studies is often a factor limiting the accuracy of statistical estimates. In this paper we suggest a new approach to evaluation of genetic influence on risk of development of aging-related health disorders. The approach results in substantial improvement of the accuracy of statistical estimates without an increase in the size of the genetic sample. The approach is based on the joint analysis of data from the genetic samples and easily accessible non-genetic data, such as data collected in epidemiological, demographic, and longitudinal studies of human aging and aging-related pathologies.
Introduction
The role of genetic and non-genetic factors-as well as gene-environment interaction in the risks of aging-related diseases, disability, and longevity-would be much better understood if one could compare age patterns of respective hazard (incidence, disability, mortality) rates for carriers of selected alleles (genotypes) evaluated under various conditions Todd 2001 ). Such understanding is important for predicting the health and survival consequences of occupational exposure, environmental pollution, natural disasters, or technological accidents. It is also crucial for the development of drugs to protect the human organism from damage caused by unexpected exposures to harmful conditions. The traditionally cited reason for limited knowledge about the role of genetic and non-genetic factors in risks of developing age-related health disorders is the inadequate sample size of available genetic data, i.e. the number of individuals from whom genetic data were taken. Since an increase in the number of such individuals is an expensive business, the sample size is always considered to be a factor limiting the desirable accuracy of genetic estimates (Hoenig and Heisey 2001) . That is why finding an indirect way of increasing this accuracy is an important and challenging task.
In this paper we suggest a new approach to genetic analysis and show that substantial improvement in the accuracy of statistical estimates can be reached without increasing the sample size of most expensive genetic data via a statistical estimation procedure that involves a joint analysis of genetic and appropriate non-genetic data. Fortunately, the necessary non-genetic data are easily accessible. These include data from epidemiological, demographic, and longitudinal studies of human aging and ageassociated disorders. We have applied the new method to the joint analysis of genetic data from a sub-sample of the 1999 National Long Term Care Survey (NLTCS) and of other (survey) data collected in the NLTCS. The data for genetic analysis were obtained from Dr. George Martin's lab, the University of Washington School of Medicine. To illustrate the advantage of combining such data, we performed an extensive simulation study using values of incidence rates for carriers and non-carriers of a hypothetical allele comparable to those calculated from the real data.
Methods and data
Which data have to be combined? It seems intuitively clear that when the size of the genetic sample is fixed, the accuracy of statistical estimates can be improved only if some additional information (data) about the influence of genetic or non-genetic factors on morbid risks is taken into account in an appropriate way. What kind of data could they be? It turns out that data containing useful genetic information are not only available, but can be easily accessed. Here we consider the effects of joint analysis of three types of data. One is the main genetic sample. The most simple and straightforward way of evaluating the genetic influence on risks of developing aging-related disorders is the direct calculation of respective hazard rates from the data by following up carriers of selected alleles (genotypes) who participated in a cross-sectional sample. The empirical estimates of risks are then compared and, if accuracy permits, a conclusion about the strength of genetic effects on the risk of developing a selected disorder is drawn. In many practical cases, however, such a conclusion cannot be made, because empirical estimates of the risk of getting the disease (the hazard rate) are unreliable. An increase in the sample size of such genetic data is the straightforward way of coping with the problem of lack of accuracy. This strategy, however, requires recruitment of new individuals and collection of blood samples or other biological specimens, as well as performing a genetic analysis. Its restricted application is related to the substantial costs involved in all these procedures.
The genetic data of the second type are given in age trajectories of genetic frequencies. Such trajectories, often observed in cross-sectional genetic studies, are an important source of information on genetic influence on the risk of disease development. Indeed, the difference in genetic frequencies among groups of individuals of different ages could result from differential selection. The proportion of healthy carriers of respective alleles (genotypes) having higher hazard rates declines with age, and the proportion of those with lower hazard rates increases. Note that data on proportions (prevalence) of selected alleles among healthy individuals or among survivors in different age groups are available much more often than data on respective hazards. For example, these data are typical for genetic association studies Carrieri et al. 2001; Cardon and Bell 2001) . This is because prevalence data are the immediate results of a cross-sectional study. To obtain data on incidence, one has to follow up the respective population for at least one more year. Such a follow up requires additional investment, and that investment often is not possible. The methodological challenge in this situation is to develop appropriate statistical methods and approaches capable of releasing hidden information on the genetic influence on risks of selected diseases from data on age patterns of prevalence. Ideas and approaches to combining data on genetic frequencies with demographic information are already discussed in the literature (Yashin et al. 1999 (Yashin et al. , 2000 Lewis and Brunner 2004) .
The third type of data characterizes marginal hazards. Such data or the estimates of the age trajectories of marginal risks (without genetic specification) for selected diseases are often available from epidemiological, demographic or other studies. The values of marginal hazards contain hidden information about the genetic composition of a respective population that consists of several groups of individuals-carriers of different alleles (genotypes). Hence this population is a discrete mixture of genetically different groups of individuals who are characterized by initial proportions and age patterns of incidence and mortality rates characterizing risks of disease development or death in respective groups. The important feature, which makes our analysis possible, is that risks of disease development for individuals in the sample selected for the genetic analysis and in such a heterogeneous population experience influence of the same genetic and nongenetic factors. Therefore, the overall age patterns of hazard rates describing the dynamics of health deterioration in such a population contain important information about the genetic influence on chances of getting a disease or becoming disabled, although specific information about such influence is hidden (not observed directly).
Likelihood function for joint analysis of genetic and non-genetic data
The maximum likelihood method can be used to estimate parameters in the model for the joint analysis of genetic and non-genetic data. The likelihood function consists of the following three components associated with specific data sets described above.
Likelihood function for genotype-specific health transitions
The population under study consists of carriers ('1') and non-carriers ('0') of selected allele (genotype). A cross-sectional study performed in the year T, deals with N(x,T -x) individuals in the age group x, x = x*, x+1, x+2,..., X. Let N 0 (x,T -x) be the number of non-carriers and N 1 (x,Tx) = N(x,T -x) -N 0 (x,T -x) the number of carriers of respective allele (genotype) detected in the genetic study. Denote by M 0 (x,T -x) and M 1 (x,T -x) the numbers of non-carriers and carriers of this allele (genotype) in the age group x, who contracted a selected disease between years T and T + 1. The estimates of incidence rates l i x; T À x ð Þ , i = 0, 1, for non-carriers and carriers of respective allele (genotype) can be obtained from maximization of binomial likelihood function:
In currently available samples of the data, such estimates have large standard errors in each age group. When age trajectories of l i x; T À x ð Þare described by some parametric functions with unknown parameters, the likelihood (1) can be used for estimation of these parameters.
Likelihood function for frequencies of genotypes
Let p x; T À x ð Þbe the frequency of non-carriers of some allele (genotype) at age x in the cohort born in the year T -x. The numbers N 0 (x,T -x) and N 1 (x,T -x), x = x*, x*+1,..., X, can be considered as a result of N(x,T -x) = N 0 (x,Tx) + N 1 (x,T -x) trails from the binomial distribution with the probability of success p(x,T -x). The estimates of these frequencies can be obtained from maximization of the binomial likelihood function:
When age trajectories of p x; T À x ð Þ are described parametrically, the likelihood (2) can be used for estimation of these parameters. This Biogerontology (2007) 8:243-255 245 property is used in the estimation procedure that combines different data sets. The joint analysis of data on genotype-specific health transitions collected in years of follow up of individuals from the genetic sub-sample and cross-sectional data on the number of individuals carrying the selected genotype can be performed using a joint likelihood function L = L 1 L 2 taking into account the connection between p x; T À x ð Þ , l i x; T À x ð Þ and the aggregate incidence rate " l x; T À x ð Þdescribed below.
Likelihood function for the hazard rate in a mixture of carriers and non-carriers A substantial amount of genetic information is hidden in aggregated data on health transitions at different ages collected in longitudinal studies. These data are informative because they represent health transitions in a population, which is a mixture of carriers and non-carriers of respective alleles (genotypes). For example, the aggregated incidence rate " l x; T À x ð Þmeasured in longitudinal studies is a mixture of two incidence rates for carriers and non-carriers of respective genotypes:
This additional relationship is taken into account in the joint analysis of data on frequencies of genotypes, genotype-specific hazards and aggregated hazards. For some diseases, the estimate of " l x; T À x ð Þ can be known from other studies. In this case Eq. (3) can be used as a
In case when " l x; T À x ð Þ can be calculated from data on longitudinal studies (such as in our applications to the genetic and non-genetic data from the 1999 NLTCS), one can perform a joint analysis of data using the likelihood function
where L 3 is the likelihood corresponding to the longitudinal data (i.e., aggregated data on the incidence in a mixture of carriers and non-carriers):
Here N Ã x; T À x ð Þis the number of individuals contracted the selected disease during the interval (T, T + 1), and " N x; T À x ð Þ is the number of individuals at risk at the beginning of this interval.
The frequencies p x; T À x ð Þcan be expressed in terms of survival functions for carriers and noncarriers,
, and the aggregate survival function (survival in a mixture of carriers and non-carriers),
Þas follows:
Expressions (3) and (5) indicate the key property of the method that makes the increase in the accuracy of estimates in the joint analysis of genetic and non-genetic samples possible: the components of the likelihood function related to genotype-specific hazard rates (L 1 , see (1)), frequencies of genotypes (L 2 , see (2)), and the aggregated hazard rate in a mixture of carriers and non-carriers in the 'non-genetic' sample (L 3 , see (4)) depend on the same parameters (those of l i x; T À x ð Þand the initial proportion p). Therefore, the estimates of respective parameters in the joint analysis are based on a substantially larger sample ('non-genetic') compared to the traditional analysis based on a smaller genetic sample.
If difference in hazard rates between subsequent cohorts is small, then the likelihood L 3 in (4) can include additional follow up data on health transitions at intervals (T + 1, T + 2), (T + 2, T + 3), etc. In the presence of time trends in hazard rates (or initial proportions), one can use parametric models describing the time dependence of hazards (proportions) and estimate respective parameters from the joint likelihood.
Simulation study
We performed a simulation study to illustrate to what extent the joint analysis of genetic and non-genetic data improves the accuracy of parameter estimates compared to the analysis of genetic data set alone. In this study we used the results of our preliminary analysis of NLTCS data to make simulated, realistic-looking hazard rates. In the simulation procedure, we modeled a mixture of carriers and non-carriers of a hypothetical allele/ genotype with hazard rates (i.e., incidence of some disease or death) among non-carriers (i = 0) and carriers (i = 1) described by the Gompertz's functions l i x ð Þ ¼ a i e b i xÀ65 ð Þ with the following parameter values: a 0 = 0.008, b 0 = 0.08, a 1 = 0.005, b 1 = 0.13. The initial proportion of non-carriers was p = 0.75. For each individual, we simulated the age at death (or contracting a disease) according to the respective Gompertz hazard rate. We simulated such data for 20,000 individuals (5,000 carriers, 15,000 non-carriers). This group represents the 'non-genetic' part of data, i.e., data on the allele/genotype are not available for these individuals. This group was used to calculate the number of individuals at risk and the number of deaths (or contracting a disease) at different ages in a mixture of carriers and non-carriers. Then we randomly selected 500 out of 20,000 individuals as a 'genetic' sample. For this group, data on the allele/genotype are available. This group was used to calculate the number of individuals at risk and the number of deaths (or contracting a disease) at different ages for carriers and non-carriers of the allele/genotype. Such sample sizes are comparable to the actual numbers of individuals in the 1999 NLTCS from whom the blood was collected, and the number of individuals who participated in the screening survey of each wave of the NLTCS. Such a procedure was repeated 1,000 times to produce 1,000 simulated data sets.
We estimated parameters of Gompertz hazard rates separately in each data set using two models. The first one used a traditional approach to the analysis of genetic data, which is based on the genetic sample alone (500 individuals). The respective hazard rates for carriers and non-carriers were estimated using the likelihood function
where N i (x), i = 0, 1, are the numbers of noncarriers and carriers survived to age x (or did not contract a disease to this age), and M i (x), i = 0, 1, are the numbers of non-carriers and carriers died (or contracted a disease) at age x. The parameters estimated in this model are a 0 , b 0 , a 1 , and b 1 . The above likelihood function was maximized separately for each data set to produce 1,000 estimates of parameters a 0 , b 0 , a 1 , and b 1 . Respective results are shown in Table 1 and Fig. 1 . To evaluate the sample size of genetic data needed to obtain the accuracy of estimates comparable to that reached in the joint analysis of genetic and non-genetic data, we also estimated the entire sample of 20,000 individuals using the likelihood (6).
Respective results are shown in Table 1 and Fig. 2 . The second model uses the joint analysis of 'genetic' (500 individuals) and 'non-genetic' (20,000 individuals) samples. The respective hazard rates for carriers and non-carriers were estimated using the joint likelihood function
where L 1 is the likelihood for the 'genetic' sample (6), L 2 is the likelihood for frequencies p x ð Þ:
and L 3 is the likelihood for the 'non-genetic' sample:
where N Ã x ð Þ is the number of individuals in the non-genetic sample who died (contracted a disease) at age x, " N x ð Þ is the number of individuals at risk at this age, and " l x ð Þ is the hazard rate in the non-genetic sample (a mixture of carriers and noncarriers of the allele/genotype):
The parameters estimated in this model are a 0 , b 0 , a 1 , b 1 and p. The likelihood function L was maximized separately for each data set to produce 1,000 estimates of respective parameters. Respective results are shown in Table 1 and Fig. 1 .
We also simulated data for the cross-sectional sample with a time trend in the initial proportions of allele/genotype. We assumed a linear trend in the initial proportions over time,
Þ, where x denotes cohorts and x* is the youngest cohort, p 0 = 0.75, and q 0 = -0.0025. We also assumed that hazard rates l i x ð Þ are equal in different cohorts. We run the simulation algorithm described above for each cohort with numbers of carriers and non-carriers corresponding to the cohort-specific values p(x) and collected 1,000 data sets of 20,000 individuals in non-genetic samples and 500 individuals in genetic samples. We estimated each data set using three models. The first model is based on the genetic sample and the likelihood (1). The second model uses the joint analysis with the likelihood (1), (2), (4) with fixed initial proportions p. The third model uses the joint analysis with the likelihood (1), (2), (4) the incidence rate of cognitive disorders for carriers and non-carriers of APOE e4. Available empirical data on allele-specific incidence rates of cognitive disorders in the 1999 NLTCS APOE sample do not allow one to suggest any specific parametric function for these rates due to small sample sizes of genetic data. Therefore, we modeled incidence rates for carriers and non-carriers of the APOE allele e4 using four different models: (a) Gompertz's functions 
À À
À1ÞÞ. Three sources of information were used in the estimation procedure: (a) data on the annual age-specific incidence of cognitive disorders for carriers and non-carriers of APOE allele e4; (b) data on age-specific proportions of carriers and non-carriers of the APOE allele e4 among individuals without cognitive disorders; and (c) annual data on the age-specific incidence of cognitive disorders occurring in the total 1999 NLTCS sample in years 2000 and 2001. We performed both the traditional analysis of genetic data maximizing the likelihood (1) and the joint analysis of genetic and non-genetic data maximizing the likelihood (1), (2), (4), and estimated parameters of incidence rates for carriers and non-carriers of the APOE allele e4 modeled by different functions mentioned above. The results are presented in Fig. 3 and Table 2 .
Statistical analysis
We compared the models with different hazard rates to evaluate which hazard rate gives the best fit to the data. As not all the models are nested, we compared the models' fit using the Akaike information criterion (Akaike 1974) . We tested the null hypotheses about equal hazard rates among carriers and non-carriers of APOE allele e4. For this purpose, we estimated models with equal parameters of hazard rates among carriers and non-carriers and general models with different hazard rates and performed the likelihood ratio test.
We calculated standardized incidence rates of cognitive disorders for carriers and non-carriers of APOE allele e4. The age distribution of the 1999 NLTCS participants (aged 65+) was used in the standardization procedure.
Software
All graphical and tabular information and statistical analyses presented in the paper were produced by self-written programs in MATLAB (Math Works 2004a). MATLAB's optimization toolbox (Math Works 2004b) was used to maximize the likelihood functions in the simulation study and in the applications to the NLTCS data. Respective computer codes are available upon request.
Results

Simulation study
To illustrate the accuracy of the estimates obtained in the analysis of data from a genetic sample alone, we calculated empirical distributions of parameter estimates from simulated data. The histograms of respective distributions are shown in Fig. 1 (gray columns) . The mean values (Table 1) . Thus, in the absence of additional information, the estimates of all parameters describing differences in genetic risks of disease development are unreliable. Figure 1 also shows empirical distributions of the estimates of Gompertz's parameters obtained in the joint analysis of genetic data on hazard rates and genetic data on age trajectories of proportions, as well as non-genetic data on marginal hazard rates. One can see that the accuracy of the estimates is substantially improved: the respective standard deviations are substantially reduced (Table 1) .
It is interesting to find out what sample size of genetic data is needed to obtain the accuracy of statistical estimates comparable to that reached in the joint analysis of genetic and non-genetic data. Figure 2 shows the results of analysis of simulated genetic data sets when information on allele/ genotype-specific hazard rates is known for 20,000 individuals. One can see that the large sample size for genetic data substantially improves the accuracy of parameter estimates. The respective standard deviations are shown in Table 1 Fig. 3 The results of joint analysis of genetic and nongenetic data: application to the 1999 NLTCS genetic sample. (a) Empirical estimates of incidence rates of cognitive disorders for non-carriers of APOE allele e4 in the genetic sample ('APOE sample') and the estimates obtained from the joint analysis of genetic and non-genetic data using different parameterizations of incidence rates ('Gompertz,' 'linear,' 'logistic,' 'quadratic'). (b) Empirical estimates of incidence rates of cognitive disorders for carriers of APOE allele e4 in the genetic sample ('APOE sample') and the estimates obtained from the joint analysis of genetic and non-genetic data. (c) Probability of staying in the state of normal cognitive functioning ('survival' function) calculated from the mixture of carriers and noncarriers of APOE allele e4 using: (1) the 1999 NLTCS genetic sub-sample ('APOE sample'); (2) the 1999 NLTCS data ('NLTCS sample'); and (3) the joint analysis of genetic and non-genetic data. (d) Estimates of the age trajectories of proportions of non-carriers of APOE allele e4 among individuals without cognitive disorders obtained from the 1999 NLTCS genetic sample ('APOE sample') and from the joint analysis of genetic and non-genetic data Biogerontology (2007) 8: 243-255 251 reveals that the use of additional information is equivalent to the substantial increase in the sample size of the data used in the direct genetic analysis (from 500 to 20,000 individuals).
Application to the NLTCS data Table 2 summarizes the results of analysis of data on incidence rates of cognitive disorders in the 1999 NLTCS APOE sample using both the traditional and joint models. It shows estimates of parameters, standardized incidence rates for carriers and non-carriers of APOE allele e4, and statistical comparison of models with different parametric specifications of incidence rates. The table shows (see column 'AIC') that the best fitting model in case of traditional models (estimating the genetic data set alone) is that with the Gompertz incidence rates, with the quadratic and logistic models providing a slightly worse fit, and the linear model providing the worst fit among all models. The last column shows P-values for the null hypothesis about equal incidence rates among carriers and non-carriers of APOE allele e4. These results reveal that the application of the traditional models does not allow one to observe a statistically significant difference between the rates for carriers and non-carriers. The empirical analysis of allele-specific incidence rates does not permit reliable evaluation of these rates as well (see Fig. 3 ). The respective genetic sample sizes and numbers of newly detected cases of cognitive disorders are too small, especially for carriers of APOE allele e4. The last four rows of Table 2 show (see column 'AIC') that the best fitting model in case of joint models (estimating genetic and non-genetic data) is that with the logistic incidence rates, with the quadratic model providing the almost equivalent fit. The model with the Gompertz rates provides the worse fit in this case and the linear model provides the worst fit among all four models. However, Fig. 3 reveals that, in fact, three models (those with the logistic, quadratic and Gompertz rates) result in almost equivalent estimates of incidence rates (see Fig. 3a, b) . The substantial difference in estimates of incidence rates for these models is observed only at extremely old ages (about 96+ years for non-carriers and about 88+ Table 2 Application of different models to the 1999 NLTCS APOE sample: estimates of parameters, standardized incidence rates for carriers and non-carriers of P-values for the likelihood ratio test applied to respective models and models with equal parameters of incidence rates among carriers and non-carriers (the null hypothesis: incidence rates among carriers and non-carriers are equal) years for carriers) where the estimates become unreliable due to smaller sample sizes. In addition to this, the quadratic model also estimates a higher incidence rate for carriers at ages 65-66 years compared to the logistic and Gompertz models, which might be an artifact of the parametric specification of the rates as a quadratic function. The estimates of the 'survival' function (i.e., the probability of being free of cognitive disorders) are similar in the logistic, quadratic and Gompertz models (see Fig. 3c ).
The estimated proportions of non-carriers in these models are similar up to the oldest ages (about 90 years, see Fig. 3d ). Thus, the application of joint models results in consistent estimates of incidence rates for carriers and non-carriers of APOE allele e4 for the logistic, quadratic and Gompertz parameterizations of the rates. The last column in Table 2 shows that the likelihood ratio test applied to the joint models with the quadratic and Gompertz incidence rates reveals a statistically significant difference between incidence rates for carriers and non-carriers of APOE allele e4.
The dynamics of age-specific incidence rates for carriers vs. non-carriers is similar in all four parameterizations: the risk of development of cognitive disorders among APOE e4 carriers is higher-and increases faster-than among noncarriers of this allele. However, there are two exceptions: a decline in the quadratic rates and smaller Gompertz rates for carriers at 'younger' ages. Nevertheless, standardized incidence rates are consistently higher for carriers and the differences between standardized rates for carriers and non-carriers become higher in case of the joint model compared to the traditional one (for all parameterizations except the linear rates).
Discussion
Substantial improvement in the accuracy of statistical estimates resulting from the joint analysis of genetic and non-genetic data opens a new avenue in genetic studies of aging and agingrelated disorders. The thing of practical importance is that additional non-genetic data used in the joint analysis are usually available and easily accessible. The application of this approach to the joint analysis of 1999 NLTCS genetic and nongenetic data allowed us to consistently estimate the risk of development of cognitive disorders among APOE e4 carriers and non-carriers. In this study, the traditional empirical analysis of allelespecific incidence rates did not produce reliable results due to sample size limitations. Moreover, the joint analysis of genetic and non-genetic data also permitted rejecting the null hypothesis about equal incidence rates for carriers and non-carriers in cases where the application of the traditional modeling based on analyses of genetic data set alone did not allow us to reveal statistically significant differences.
The cross-sectional nature of genetic data may be a serious limitation for genetic analyses of morbidity and mortality in cases where the genetic structure of subsequent cohorts represented in the cross-sectional analysis is not similar. This could be the case when initial frequencies of respective alleles in such cohorts have substantial variation due to migration-or other reasons. This problem can also be addressed in the joint analysis of genetic and non-genetic data by assuming different initial frequencies in the cohorts comprising a crosssectional sample. Table 3 summarizes the results of a simulation study estimating genetic and nongenetic data from a cross-sectional sample when the initial frequencies of selected allele in subsequent cohorts experience a linear trend. The first line in this table shows the mean values and the standard deviations of parameters of the Gompertz's curves for carriers and non-carriers of selected (hypothetical) allele evaluated in the analysis of genetic data set alone. One can see that parameter estimates are slightly biased and the standard errors are too large to make reliable conclusions about parameter values. The second line shows the mean values and the standard deviations of the estimates of Gompertz's parameters evaluated in the joint analysis of genetic and non-genetic data without taking into account the presence of a linear trend in the initial frequencies of the selected allele in subsequent cohorts. One can see that the mean values in such an analysis are biased. The third line shows the mean values and the standard deviations of the parameters estimates produced in the joint analysis of genetic and non-genetic data when the trend in the initial values of genetic frequencies is taken into account in the estimation algorithm. One can see that in this case the parameter estimates become unbiased and the standard deviations are substantially reduced compared to the analysis of genetic data alone.
Another important limitation involves secular trends in human morbidity and mortality observed during the last century. These trends take place because of changes in influential factors such as economic and living conditions, nutrition, life style, etc. Even if these changes developed in a relatively stable initial genetic background for all cohorts, they may still have resulted from different interactions between genes and environment that in turn may have different effects for carriers and non-carriers of a respective allele (genotype). Such limitations are, however, common for all genetic association studies (Yashin et al. 1999 (Yashin et al. , 2000 Lewis and Brunner 2004) . To evaluate the sensitivity of these factors in results of genetic analysis, additional simulation studies are needed. Some of such studies have been performed in Yashin et al. (1999 Yashin et al. ( , 2000 and Tan et al. (2002) in the analysis of genetic data obtained in centenarian studies. Note that the approach described above can be used in the evaluation of effects of non-genetic factors as well, under the condition that these factors did not experience changes over the individuals' life course.
Note that additional data, that can make an important contribution to the accuracy of statistical estimates in a joint analysis with genetic samples, are not restricted to those described and used in this paper. Epidemiological data on the effects of genetic or non-genetic risk factors evaluated for selected age groups and data on secular trends in human mortality and mortality by cause also contain hidden information on respective genetic influence. Methods for a joint analysis of such data still have to be developed. It would be also interesting and important to explore the opportunity of using other approaches (Devlin et al. 2001; Pritchard et al. 2000) in the joint analysis of data from different sources to reduce the effects of population stratification. Sources of additional errors in statistical estimates of genetic parameters are discussed in Schork (2002) .
